There has been much debate about why humans throughout the world differ in facial form. Previous studies of human skull morphology found levels of among-population differentiation that were comparable to those of neutral genetic markers, suggesting that genetic drift (neutral processes) played an important role in influencing facial differentiation. However, variation in soft-tissue morphology has not been studied in detail. In this study, we analyzed high-resolution 3D images of soft-tissue facial form in four Eurasian populations: Han Chinese, Tibetans, Uyghur and Europeans. A novel method was used to establish a high-density alignment across all of the faces, allowing facial diversity to be examined at an unprecedented resolution. These data exhibit signatures of population structure and history. However, among-population differentiation was higher for soft-tissue facial form than for genome-wide genetic loci, and high-resolution analyses reveal that the nose, brow area and cheekbones exhibit particularly strong signals of differentiation (Q st estimates: 0.3e0.8) between Europeans and Han Chinese. Our results suggest that local adaptation and/or sexual selection have been important in shaping human soft-tissue facial morphology.
Introduction
Humans are characterized by variation in many external features, including the shape of the brow area and nose, skin and eye color, various properties of body hair, and body size and proportions. The extent to which such variation can be explained by genetic drift (neutral processes), local adaptation, or sexual selection has been much debated, going back to Darwin (1871) . One approach to unraveling the relative influence of neutral versus selective processes on the differentiation of human traits is to compare the relative amounts of within-population and betweenpopulation variance. It is well known that in humans the majority of the genetic variance (~90%) is found within continental regions, whereas only a minor portion (~10%) is accounted for by differences between regions (Weir et al., 2005; Barreiro et al., 2008) . Such apportionment of diversity is generally accepted as the amount of differentiation expected under neutral evolution (Relethford, 2002) . In genetic data, differentiation is mainly measured using Wright's fixation index (F st ) (Wright, 1950) , while an analogous statistic has also been defined for phenotypic variation contributed to by genetic factors, usually called Q st (Spitze, 1993) . Consequently, the direct comparison of F st and Q st constitutes a useful neutrality test for phenotypic traits, where strong deviations of Q st from neutral F st levels are suggestive of non-neutral evolution (Miller et al., 2008) .
In humans, studies of phenotypic diversity and apportionment have mainly focused on features that can be measured on skeletal remains (in particular, skulls). Based on 57 inter-landmark distances, Relethford (1994) first reported that the variation among continental regions accounted for~10% of overall craniometric variation (Relethford, 1994) , in good agreement with the apportionment based on neutral genetic loci. Later studies that utilized various sets of measurements (Harvati and Weaver, 2006; von Cramon-Taubadel, 2009a) , different methods for partitioning variation (e.g., principal components analysis (Roseman and Weaver, 2004) ), 3D landmark data (Harvati and Weaver, 2006; von Cramon-Taubadel, 2009b) or different samples (Harvati and Weaver, 2006; Hubbe et al., 2009; von Cramon-Taubadel, 2009b) , have repeatedly come to the conclusion that the morphological variation in the human skull has been largely shaped by neutral evolution (Roseman and Weaver, 2007; von Cramon-Taubadel and Weaver, 2009; Relethford, 2010) . The finding of a close correspondence between phenotypic distance and geographic distance is also consistent with the idea that human skull variation has been shaped by neutral evolutionary processes (Relethford, 2004a,b; 2009) . In addition, as with genetic diversity, human craniometric variation can be used to infer population structure and history (Harvati and Weaver, 2006; Gunz et al., 2009; von CramonTaubadel, 2009b) .
This notwithstanding, the relatively low levels of differentiation of craniometric features strongly contrasts with the situation for skin pigmentation, which exhibits the most variation (~80%) among populations (Relethford, 2002) . It also contradicts the intuitive notion that there exists extensive population variation in facial features across the world (Nei and Roychoudhury, 1982; Wright, 1992; Howells, 1995; Gill, 1998; Hennessy and Stringer, 2001 ). Indeed, adaptive hypotheses have been proposed for a number of craniofacial features. For example, the shape of the nose has long been hypothesized to play an important role in climatic adaptation (Thomson and Buxton, 1923; Coon et al., 1950 Coon et al., , 1955 . Consistently strong correlations have repeatedly been found between the nasal index (ratio of nose breadth/height) and temperature and humidity (Thomson and Buxton, 1923; Davies, 1932; Weiner, 1954; Wolpoff, 1968; Hiernaux and Froment, 1976; Crognier, 1981; Franciscus and Long, 1991) . Recent studies have also reported higher amongpopulation differentiation values (maximum Q st~0 .4) than expected under neutrality for several nasal measurements (Roseman, 2004; Roseman and Weaver, 2004; Hubbe et al., 2009 ). Nonetheless, these studies were all based on the skeletal elements of the nose, leaving the soft-tissue external nose poorly studied.
To date there has been no systematic study of the variation in soft-tissue facial form even though soft-tissue facial form may have experienced greater selection pressures than the underlying skull due to the direct exposure to the environment. Selection might shape the skin, cartilage or adipose tissue distribution, rather than the skull bones. We therefore applied a new approach to analyze variation in soft-tissue facial form. In brief, high-resolution 3D facial images were taken from individuals from four Eurasian populations: Han Chinese from East China (HAN), Tibetans (TIB), Uygur (UYG) (an admixed population with European and Chinese ancestry) and Europeans (EUR). A novel 3D facial surface alignment approach was applied to automatically annotate 15 facial landmarks, and to subsequently establish a dense point-to-point correspondence for~30,000 3D point markers, with a resolution of one point per 1 mm Â 1 mm surface. The high-density data were then aligned to the same Cartesian coordinate system using generalized partial Procrustes analysis (pGPA) (Dryden and Mardia, 1998) . Analyses of population structure and variance apportionment were carried out on both the whole face and specific facial features. We find that variation in the soft tissue morphology of the human face has been influenced by both population history and selection.
Materials and methods

Ethics statement
Sample collection for this study was carried out with the approval of the ethics committee of the Shanghai Institutes for Biological Science and in accordance with the standards of the Declaration of Helsinki. Written informed consent was obtained from every participant.
Data and sample collection
The 3dMDface
® system (www.3dmd.com/3dMDface) was used to collect high-resolution 3D facial images from volunteers who took part in this study. Fig. S2 . Individuals with obvious health problems or any history of facial surgery were excluded from the study.
High-density 3D facial image alignment
We developed a novel approach for aligning a dense set of quasilandmarks (Rohr, 2001) , evenly distributed on the facial surface, to enable facial comparisons (Guo et al., 2013) . First, 15 salient facial landmarks (SOM, Fig. S3 ) are automatically recognized. In brief, the automatic landmark recognition starts with identifying the location of the pronasale by searching a semi-sphere centered on the nose, followed by pose normalization, which is to align all sample faces to a uniform frontal view. Shape depth (z axis) values and surface texture are then projected to the xey 2D plane (the frontal portrait plane), where highly specific texture/shape signatures of endo/ ecto-canthions and cheilions are identified by a principal components analysis (PCA) based approach. The remaining 10 landmarks are recognized by heuristic methods using geometric relations and texture constraints (Guo et al., 2013) . Next, a reference face is chosen and the surface mesh is re-sampled to achieve an even density of one point per vertex of a 1 mm Â 1 mm grid. In total, 30,000 points are used to construct the reference mesh. Third, this reference facial mesh is warped to each face in the sample to ensure the proper matching of all of the 15 landmarks, via a thin-plate spline (TPS) transformation (see SOM, Fig. S4 ). Fourth, the grid points of the reference face are projected onto each face in the sample. The resulting points of projection, which have a one to one correspondence with the grid points of the reference, are used to define a mesh that describes the surface of each of the faces in the sample (SOM, Fig. S4 ). Finally, these sample grids are aligned to achieve a common coordinate system by pGPA, in which scaling is not used and size information is preserved. We did not remove size information so that potential differentiation involving size changes could be examined. Details of this alignment method are described elsewhere (Guo et al., 2013) and the corresponding software is available upon request. Since the same reference face is mapped to all of the sample faces, this process results in a set of facial images aligned by the same dense set of point markers, which then can serve as landmarks. A random Han Chinese female face was chosen as the reference, and 32,251 quasi-landmarks were mapped in three-dimensional space for each face in this study. Therefore, the geometric surface of each sample face is represented by a vector of length 32,251 Â 3 ¼ 96,753.
Within population variance PCA analysis
We used PCA to reduce the high-dimensional phenotypic data to a smaller number of dimensions. For a dataset with known subgroup structure, the standard PCA decomposition of the total variance could produce principal components (PCs) with a high proportion of between-group variance in the top PCs, which would make the population differentiation analysis biased (Roseman and Weaver, 2004) . To avoid such potential bias, the total 3D face dataset was first subjected to a PCA using the within-population variance/covariance matrix (hereafter referred to as PCA wg , with each individual PC designated as PC wg ). To assess the deviations of individuals relative to the mean of their population, rather than relative to the overall mean, the within-population variance/ covariance matrix was calculated as follows:
where n is the total number of individuals, g is the number of populations, n i is the number of individuals in the ith population, x ij is a row vector containing the values for each of the variables for the jth individual of the ith population, and x i is a row vector containing the mean values for each of the variables for the ith population. The T indicates a vector (matrix) transpose. Eigenvalue decomposition was then applied to W.
Total variance PCA analysis
A standard PCA using the total variance/covariance matrix was also carried out for comparison with PCA wg (hereafter referred to as PCA tot , with each individual PC designated as PC tot ). The prcomp function in the R 'stats' package (R Development Core Team, 2010) was used for this analysis. The raw data were not scaled, i.e., an equivalent scale was assumed for all of the points.
PLS regression analysis
The PCA methods are non-supervised, i.e., they do not make use of group information. To evaluate to what extent populations can be distinguished with the high-density 3D face data, we carried out partial least squares (PLS) regression analysis, using the reported group identities as one block and the matrix of 3D quasi-landmark coordinates as the other block. We used the plsr function in the R 'pls' package (Mevik et al., 2013) for this analysis, and three components were retained.
F st and Q st calculation
To evaluate the degree of differentiation of soft-tissue facial form, we used several Q st estimators and compared them to levels of genetic differentiation. Genetic differentiation was estimated with F st from genome-wide single nucleotide polymorphism (SNP) data. We retrieved the whole genome SNP data of 45 Han Chinese from Beijing and 10 Uyghur from the CEPH-HGDP panel (Li et al., 2008) . We randomly sampled five individuals from each of the eight European populations from the CEPH-HGDP dataset to represent a pooled European population, and we obtained data for 46 Tibetans from a previous study (Xu et al., 2011) . Each of these four genetic datasets was matched with one of the four facial datasets. In total, 187,290 SNPs were found to overlap among the four SNP datasets. Individual F st values (Weir and Cockerham, 1984) and genome average F st values (Miller et al., 2008) were calculated based on these overlapping SNPs.
To estimate the degree of differentiation from phenotypic data, in general, the total additive genetic variance s 2 G of a trait can be partitioned into between and within population variances as s 2 GB and s 2 GW , respectively. Phenotypic variation contributed to by genetic factors (Q st ) can then be defined as follows (Spitze, 1993) :
If differentiation is calculated from multiple traits, the Q st estimator proposed by Relethford and Blangero (hereafter referred to as Q RÀB st ) is the most commonly used statistic (Relethford and Blangero, 1990) . The dataset can be represented as a matrix M of s rows and t columns, where s is the number of individuals and t the number of traits. Each individual belongs to one of the g populations. Following equation (2), the Q RÀB st estimator for multiple traits is then:
where C ii are the diagonal elements of a codivergence matrix C calculated from M and u i is the weighting factor for the relative census population size, which is fixed as 1/g in this study under the assumption of equal population sizes (Relethford and Blangero, 1990) . We calculated Q st for each quasi-landmark based on Q RÀB st , using the corresponding three coordinate values x, y, z as different traits. This Q st estimator for each quasi-landmark is denoted as Q m .
However, the calculation of Q RÀB st is problematic for very high dimensional phenotypic data, such as our whole face data, because it involves inverting the within-population phenotypic variance/ covariance matrix. In order to calculate differentiation levels based on the high-density 3D whole face data, we first carried out the PCA wg decomposition. The M matrix was decomposed into the PCA matrix N sÂk , where k ¼ min(s, t). Multiple PCs can then be combined to calculate an overall differentiation estimator (hereafter referred to as Q comp ) as previously described (Roseman and Weaver, 2004) . The Q comp estimation for multiple PCs is as follows:
where s 2 GB;PCðiÞ is the average additive genetic variance between populations for the ith PC, and s 2 GW;PCðiÞ is the average additive genetic variance within a population for the ith PC. For each PC, s 2 GB;PCðiÞ is calculated as:
where m j;PCðiÞ is the mean value in population j for PC i, and m PCðiÞ is the mean over all m j;PCðiÞ . A differentiation estimator can be also obtained from each individual PC, assuming that each PC represents an abstract facial feature. In analyses of genetic variation data, PCA has been shown to accurately capture sub-structure and divergence patterns when genetic structure does exist (Patterson et al., 2006) . Furthermore, individual PCs only account for fractions of the total variance, each of which likely enriches variation related to certain specific features, or complex shape changes along specific axes (Roseman and Weaver, 2004) . Separate analyses of the individual PCs therefore allow closer examination of phenotypic differentiation. We calculated Q st for the major PCs following equation (2), hereafter referred to as Q p .
The consistency between the Q RÀB st and Q comp estimators Since Q RÀB st and Q comp are both designed for multiple traits, we also checked the consistency between Q RÀB st and Q comp . Briefly, five quasi-landmarks were randomly sampled from the whole face and Q RÀB st and Q comp were calculated for this point set. This random sampling was repeated 1000 times and the Q RÀB st and Q comp values were compared for consistency.
Differentiation estimation based on inter-landmark distance data
Inter-landmark distances have been widely used as metric traits in previous studies, so we also estimated differentiation levels using inter-landmark distances. Furthermore, since inter-landmark distances are free from potential GPA alignment errors, they also provide an internal control for the high-density data analyses. While there are issues with the statistical analyses of these distances, the conclusions of our study do not depend only on the inter-landmark distances. In this study, 33 inter-landmark distances based on 15 landmarks were computed as an alternative phenotypic dataset (see SOM, Fig. S3 ), and their individual and overall Q st was calculated without scaling, as previously described (Relethford, 1994) .
Correction for incomplete heritability
In theory, Q st should be estimated from the additive genetic variances (Relethford, 1994) , but in empirical population studies the additive genetic variance cannot be directly measured. Instead, differentiation estimation can be first carried out based on the within-population phenotypic variance s 2 P , which is composed of the additive genetic variance ðs 2 G Þ and the environmental variance (s 2 E ). The additive genetic variance can be obtained from the phenotypic variance as s 2 G ¼ h 2 s 2 P , where h 2 is the heritability. When s 2 P equals s 2 G , h 2 ¼ 1 and Q st acquires the minimum possible value, which is the differentiation calculated based on the withinpopulation phenotypic variance (Relethford, 1994) . If h 2 < 1, the corrected Q c st can be obtained as follows (Relethford, 1994) :
In many human craniofacial morphometric studies, a generally accepted value for h 2 is 0.55 (Devor, 1986; Relethford and Harpending, 1994; Sparks and Jantz, 2002; Roseman and Weaver, 2004; Hubbe et al., 2009) . We therefore corrected the Q st estimates assuming h 2 ¼ 0.55 and labeled the corrected estimates with a superscript letter "c", e.g., Q c comp .
Construction of neighbor joining trees
In order to clearly view the evolutionary relationships among the four populations, we built un-rooted neighbor-joining (NJ) trees based on pair-wise Q c comp or F st values with Molecular Evolutionary Genetics Analysis (MEGA) (Tamura et al., 2011) , with 1000 bootstrap replicates carried out by sampling the individuals with replacement.
Test of neutrality
The basis of the neutrality test is to compare the Q st estimates (Q comp , Q p , Q m , Q c comp , Q c p , Q c m ) to the empirical F st distribution obtained from genetic markers, as described previously (Roseman and Weaver, 2004) . Assuming that the genome is largely neutral, the F st distribution reflects the range of population differentiation values produced by neutral processes (genetic drift, mutation, gene flow).
Under neutrality, Q st should have the same distribution asF st . Extreme Q st values that are outliers from the F st distribution are indicative of non-neutral evolution. Therefore, the Q st estimates are ranked against the F st distribution to find the upper percentiles as the empirical P values.
Results
Population structure revealed by the human soft-tissue facial form
It has been demonstrated previously that human skull variation can be used to infer population structure as well the evolutionary relationships among human populations (von Cramon-Taubadel, 2009b) . We examined whether the soft-tissue facial form also provides such information. Throughout this paper, the male and female datasets were analyzed separately, and we mainly used the male dataset to demonstrate the results unless otherwise specified; the results for females were quite similar and are included in the SOM results. The PCA wg analysis indicates that the first few components account for the majority of the variance, whereas the fractions explained by smaller PC wg s decline to a plateau around PC wg 12 (SOM, Fig. S5 ). We therefore carried out individual PC analysis only on the top 12 PC wg s (SOM, Table S1 ). As can be seen in Fig. 1A , the first two PC wg s indeed mainly reflect the withinpopulation variance, as the data clouds of the four populations largely overlap. The comparisons of Tibetans with Han Chinese and with Uyghur are highly significant on PC wg 1 (P ¼ 3.62 Â 10 À10 and P ¼ 4.89 Â 10 À8 respectively, SOM, Table S1 ). In order to visually access the phenotypic variation along synthetic dimensions such as PC wg s, we calculated the average form for all images, and subtracted/added three standard deviations (SD) along the PC wg eigenvector to derive the 'extreme' faces. These are denoted as PC wg i ± where i indicates the index of the PC wg mode (Fig. 1A) . The comparison between PC wg 1þ and PC wg 1À reveals that PC wg 1 mainly accounts for variation in overall size (Fig. 1A) . PC wg 2 seems to explain variation in the horizontal/vertical ratio of the face as the PC wg 2À face is more elongated and narrower compared with the shorter and broader PC wg 2þ face (Fig. 1A) . Some other PC wg s show relatively larger differences among the populations. PC wg 4 and PC wg 5 are associated with large between-group variances (only smaller than PC wg 1) among all four populations (SOM , Table S1 ). For PC wg 4, the differences mainly occur in the pairwise comparisons between Europeans and other three groups (EUR-HAN t-test P ¼ 3.92 Â 10 À20 ; EUR-UYG t-test P ¼ 7.35 Â 10 À15 ; EUR-TIB t-test P ¼ 4.9 Â 10 À18 ; SOM, Table S1 ). For PC wg 5, all pairwise comparisons revealed highly significant differences except between Han Chinese and Tibetan (SOM , Table S1 ). When standard PCA tot on the total variance was performed, even stronger population structure was observed, especially between Europeans and Han Chinese (PC tot 3, SOM, Fig. S6 ). Finally, we carried out partial least squares (PLS) regression analysis (see Methods). As can be seen in Fig. 1C , Europeans largely separate from Han Chinese along the Han-European PLS axis (P ¼ 4.93 Â 10 À18 ). The mean value of the two groups on this axis, when used as a discriminant score, can assign 81% of the individuals correctly into the Han Chinese or European population. The results of this discriminant analysis should be taken as indicative of the extent to which the Chinese and European faces are differentiated along the PLS axis rather than of classification accuracy, because the same sample was used to calculate and evaluate the discriminant function. The extreme European face is narrower, longer, with a more pointed nose and recessed eye sockets, while the extreme Han Chinese face is wider and flatter, with more prominent cheekbones. Compared with this, the separation on the Han-Tibetan PLS axis was weaker (Fig. 1C) , although a t-test was also highly significant (P ¼ 1.31 Â 10 À11 ).
Overall differentiation
We report Q c st estimates and the raw Q st estimates side by side (Fig. 2) , as the latter indicate the minimum possible differentiation values (Relethford, 1994) , serving as lower bounds for the amount of differentiation. In general, the three differentiation measurements (F st , Q comp and Q c comp Þ were found to be very consistent in their overall trends (Fig. 2) . The Q c comp values were roughly twice the corresponding F st values, except for the comparison between Uyghur and Han Chinese. The uncorrected Q comp values were also generally higher than the F st values (Fig. 2) . Specifically, the highest differentiation was found between Europeans and the two East Asian populations, Han Chinese and Tibetans, for all three estimators (HAN-EUR: The neighbor-joining trees based on Q c comp resemble those based on F st (SOM, Fig. S7 ), suggesting that human soft-tissue facial form does carry some information about population history, but the generally greater Q c comp and Q comp values compared to the corresponding genetic F st values indicates that the populations are more differentiated in soft-tissue facial form than the genome-wide average differentiation. Interestingly, the overall differentiation estimates calculated using the inter-landmark distances were strongly consistent with, but slightly greater than, the corresponding Q c comp and Q comp values for the high-density 3D point data (SOM, Table S2 ), confirming that the higher phenotypic differentiation found for soft-tissue facial form is not an artifact of the new approach.
141). Uyghurs (UYG) had similar genetic distances to Europeans and Han Chinese (UYG-EUR:
Feature-specific differentiation and signals of non-neutral evolution
The higher levels of differentiation exhibited by facial form suggest that it may have been subject to local adaptation and/or sexual selection. To evaluate these hypotheses, we examined the distribution of Q c m values for all pairs of populations across the face. The Q c m for the Han-European comparison clearly varies greatly across different facial regions (Fig. 3AeC) and is highly consistent between males and females. While Q c m is generally below 0.3, there is a marked increase around the nose, central brow area and cheeks (Fig. 3A,B) .
When the density distributions of Q c m and F st are compared side by side, the Q c m distributions show longer tails (Fig. 3C ). Under neutrality, the Q st distribution should closely match the F st distribution, therefore a Q st estimate that strongly deviates from the genome F st distribution could signal a departure from neutrality (Whitlock and Guillaume, 2009 ). To evaluate the statistical (Table 1) . The maximum Q c m point on the cheeks roughly marks the most prominent area. On the nose, the maximum point lies close to the nasion, and that of the brow area is the middle point bordering the extension of the nasal bridge (Fig. 3A) . Similar maximum Q m =Q c m values for the three features were also observed in females (SOM ,  Table S3 ). Interestingly, the strongest differentiation signals for the inter-landmark distances were for nasion-endocanthion (Q c st ¼ 0.56) and pronasale-alare (Q c st ¼ 0.52), which supports the results from the high-density data (see SOM, Fig. S3 ).
The HAN-UYG (Fig. 3D ) and HAN-TIB (Fig. 3E ) comparisons exhibit different but also highly specific patterns. The Q c m pattern of HAN-UYG is similar to the HAN-EUR comparison in some aspects; in particular, the nose and cheeks also show high differentiation. However, the differentiation for the brow area is moderate. Instead, the eye sockets, especially the inferior orbital areas that extend to the zygomatic bones, exhibit relatively high differentiation. The mixed pattern of differentiation indicates that some features of the Uygur face might have arisen independently from the ancestral European and Asian populations. On the other hand, the comparison between Tibetans and Han Chinese revealed less defined differentiation areas, other than the brow ridge and the lower mandible areas. It should be noted that the Q c m values of HAN-TIB and HAN-UYG span a much lower range (0e0.15, Fig. 3F ) than that of HAN-EUR (0e0.4). Therefore, it is less clear whether the differentiation of these facial regions reflects genetic drift versus local adaptation or sexual selection.
Given the high differentiation of three facial features in the HAN-EUR comparison, we extracted their point subsets and analyzed them in more detail (SOM, Fig. S8 ). For the cheeks, we considered both sides together as a single feature. A pGPA was reapplied for each feature, and the PCA wg decomposition was then carried out. The cheek data were also analyzed without redoing the pGPA to investigate if cheek differentiation mainly derives from the position and orientation relative to the whole face or from shape changes. For each facial feature we first calculated the whole feature Q comp andQ c comp (Table 1) . As expected, for the HanEuropean comparison, the feature specific Q comp values are much higher than for the whole face. The nose and brow area have Q c comp values of 0.342 (P ¼ 8.02 Â 10 À3 ) and 0.282 (P ¼ 0.02), respectively.
The differentiation is even larger, with a Q c comp value of 0.38 (P ¼ 5.15 Â 10
À3
) for the cheeks without pGPA re-alignment (hereafter referred to as WOG-cheeks). The relatively low Q c comp value of 0.278 (P ¼ 0.02) for cheeks with pGPA (hereafter referred to as WG-cheeks) indicates that much of the inter-population variance in cheeks is explained by their relative position and orientation relative to the whole face (SOM, Fig. S9 ). It should be noted that Q c comp is in fact an average differentiation measurement. It is therefore conservative to compare the Q c comp values directly to single trait Q st or to single locus F st values. On the other hand, the Q c p =Q p statistics measure differentiation along an individual PC wg , and can be considered to be equivalent to a single trait Q st . Since the data variance is accounted for mainly by the top PC wg s, in each feature we restricted the individual PC analysis to the first 10 PC wg s, where the fraction of the variance explained by the individual PC wg s roughly plateaus (SOM, Fig. S5BeE ). The top 10 PC wg s accumulatively account for 87% of the variance for the nose, 96% for WG-cheeks, 94% for WOG-cheeks and 87% for the brow area (SOM, Fig. S5 ). We found that the Q c p values revealed even greater differentiation between Europeans and Han Chinese. The maximum Q c p for the nose is 0.79 (P ¼ 1.13 Â 10 À5 ) for the PC wg 3, while the PC wg 7
of the brow area has a maximum Q c p of 0.625 (P ¼ 1.19 Â 10 À4 ), and the PC wg 2 of the WOG-cheeks has a maximum Q c p of 0.583 (P ¼ 2.72 Â 10 À4 ) (Table 1) . Signals based on Q p are similarly strong (Table 1) . The top Q c p =Q p values of nose, cheeks and brow area are similar in females (SOM , Table S3 ).
Our analyses show that the nose carries some of the strongest differentiation signals, so we examined variation in nasal form in further detail. The nose NJ trees show that the differentiation of EUR or UYG to the two East Asian populations is substantially increased compared to the whole face and the genetic trees, while the differentiation of HAN-TIB remains small (SOM, Fig. S7 ). Under the PCA wg decomposition, the first two components seem to mainly correspond to nasal height (PC wg 1) and nasal breadth/protrusion (PC wg 2, Fig. 4A ). This variation is not population specific (Fig. 4A) . On the other hand, PC wg 3 and PC wg 6 account for substantial between-group variance; PC wg 3 shows the highest between-group variance, and it seems to strongly segregate the individuals into three clusters: Europeans, Uyghur and East Asians (HAN-EUR P ¼ 2.28 Â 10 À43 ; EUR-TIB P ¼ 2.49 Â 10 À45 ; HAN-UYG P ¼ 5.12 Â 10
À32
; UYG-EUR P ¼ 1.88 Â 10 À26 ; UYG-TIB P ¼ 3.00 Â 10 À23 ) (SOM , Table S4 ). Interestingly, Uyghur individuals lie almost exactly in the middle between Europeans and Han Chinese. The extreme forms indicate that the main changes along PC wg 3 involve the prominent nasal ridge in Europeans (PC wg 3À) compared with the recessive nose dorsum in the East Asians (PC wg 3þ, Fig. 4B ). Furthermore, the East Asian nose (PC wg 3þ) has a much broader nasal base compared with that of Europeans (PC wg 3À). PC wg 6 also displays a large amount of intergroup variance (following PC wg 3, PC wg 2 and PC wg 1; SOM, Table S4 ), and it seems to distinguish all four groups from one another (Fig. 4B) . The main form of variation seems to involve a recess of nose root from glabella in the PC wg 6þ type, compared with the less or non-recessed nose root in the PC wg 6À type. The PLS analyses of the nose (Fig. 4C) produce results that are highly consistent with the PCA wg plot. In particular, the HAN-EUR axis revealed similar differences as PC wg 3 among the European, Uyghur and East Asian populations (HAN-EUR, P ¼ 1.21 Â 10
À43
; HAN-UYG, P ¼ 7.23 Â 10
À50
; HAN-TIB, P ¼ 0.027); and the form changes (HAN-EUR±) also resemble those found in PC wg 3 (PC wg 3±, Fig. 4B,C) .
Effects of age and sample size
Age is known to affect facial morphology, so differences in the age distributions among the population samples could confound the analyses of morphological divergence. In order to evaluate the Figure 4 . Structure of the four populations based on PCA wg and PLS analysis of the nose. The high dimensional data of the external nose were subjected to PCA wg and PLS analysis. Individual data points were plotted along PC wg 1 and PC wg 2 (A), PC wg 3 and PC wg 6 (B), or the HAN-EUR PLS axis and the HAN-TIB PLS axis (C). The extreme forms were simulated by adding/subtracting 3SD from the average form along each axis.
potential confounding effects of age, we calculated the withingroup correlations between the self-reported age and face data for all of the PC wg dimensions for which strong inter-group differentiation was observed. These include PC wg 4 and PC wg 5 in the whole face PCA wg , PC wg 3 for the nose, PC wg 2 for WOG-cheeks, and PC wg 7 for the brow area. Other than the sporadic observations of marginally significant associations (0.01 < nominal P < 0.05, before multiple-testing correction) in PC wg 4 and PC wg 5 of the whole face, and PC wg 3 of the nose (SOM , Table S5 ), there were no strong signals of association between age and facial forms. In females, the association signals between age and top PC wg s were consistently low (SOM , Table S5 ). In addition, to control for the effects of varying ages and sample sizes, we extracted a subset of the male sample with matched age ranges (age 18e30) and sample size (38) among all four groups. Major analyses were repeated in this subset and revealed highly consistent patterns of morphological differentiation, which were comparable to the results for the complete dataset in all aspects (SOM, Fig. S10 , Table S6 ). These analyses indicate that our results are not influenced by the varying sample ages and sizes of the groups.
Discussion
This study is, to our knowledge, the first comprehensive population differentiation analysis of the soft-tissue structures of the human face. The PCA wg and PLS analyses demonstrate that softtissue facial form does vary among the populations, and moreover provides information about population structure ( Fig. 1 and  SOM, Fig. S6 ). Furthermore, the NJ trees reconstructed from the pairwiseQ c comp are in general consistent with the F st tree based on genetic markers, and hence reflect the evolutionary relationships among the four populations. The whole face differentiation levels, estimated as Q c comp values, are approximately double the corresponding genomic F st values (Fig. 2) , which is a substantial deviation from neutral expectations. The higher differentiation of the soft-tissue facial form is further supported by the analyses of inter-landmark distances (SOM , Table S2 ).
One possible explanation for the higher differentiation values for the face versus genetic markers is that the actual heritability (h 2 ) may be higher than the assumed value of 0.55. However, the uncorrected whole face differentiation values, which assume the maximum possible h 2 , calculated both on the high-density 3D data and the inter-landmark distances, are still higher than the genomic F st values (Fig. 2) . Such a pattern is different from the overall neutrality reported for human skull measurements (Relethford, 2002) , suggesting that evolutionary processes other than genetic drift have substantially shaped human soft-tissue facial form. Some previous studies of human skull variation found that certain features, such as nasion prosthion height, maximum cranial breadth and biauricular breadth, exhibited significant (although moderate) departures from neutrality (Roseman, 2004; Roseman and Weaver, 2004; Harvati and Weaver, 2006; Hubbe et al., 2009) . We detected several facial regions with much higher differentiation than expected under neutrality. In particular, for the comparison of HAN-EUR, the whole feature Q comp values for the nose, central brow area and cheeks (0.175e0.248) were two to three times higher than for the whole face (0.08). The point-wise differentiation estimates were even higher (maximum Q m 0.33e0.44, Q c m 0.47e0.59; see Table 1 ). Interestingly, some interlandmark distances involving the nose also had values higher than 0.55, consistent with the high point-wise differentiation found for the nose. On the other hand, the brow area and cheeks did not show high inter-landmark (Q c st ) values, mainly because appropriate landmarks for these two facial features are lacking. This difference between the feature-based and the inter-landmark-based analyses demonstrates that high-density image analysis is crucial for capturing levels of phenotypic differentiation. This interpretation is supported by the fact that the highest differentiation signals appear in the composite complex shape changes, defined by individual principal components. Specifically, the maximum feature Q c p values of 0.625e0.79 (maxQ p : 0.48e0.67; see Table 1 ) are much higher than the corresponding point-wise Q c m or the feature average Q c comp values (Table 1) . This indicates that the most divergent traits may not correspond to single points or simple distances; instead, they may align with complex shape transformations of multiple anatomical structures in various aspects. This interpretation also holds for the nose. The extreme noses (Fig. 4B , PC wg 3þ and PC wg 3À) of PC wg 3 clearly show that the morphological differences involve changes in volume, height, breadth, and protrusion and dorsum shape. Similarly, the highest differentiation signals in the brow area correspond to the larger, more prominent brow ridges in Europeans (þ3SD) compared with their relatively flatter shape in Han Chinese (À3SD), which also contribute to differences in eye socket depth (SOM, Fig. S11 ). For cheeks, the differentiation seems to mainly reflect the wider distance and more upwards/outwards prominence of the cheeks in Europeans (À3SD) compared with the flatter cheek shapes in Han Chinese (þ3SD) (SOM, Fig. S9 ). These results support the previous observation that strong differentiation tends to involve multiple complex facial morphological variations, as captured by PCA (Roseman and Weaver, 2004) . The Q c p values found in the nose and brow area between Europeans and Han Chinese approach the high differentiation reported for skin pigmentation (Relethford, 2004b) . This suggests that strong local adaptation may have shaped these facial features (Myles et al., 2007) . For the nose, strong correlations have been found between the nasal index and temperature/humidity, supporting climate adaptation as the major selective force (Thomson and Buxton, 1923; Davies, 1932; Weiner, 1954; Wolpoff, 1968; Hiernaux and Froment, 1976; Crognier, 1981; Franciscus and Long, 1991) . Models simulating airflow dynamics demonstrated that bigger nasal volumes, narrower shapes and downwardly pointing nares might enhance the airflow exposure of the mucosa and thereby facilitate the heating and humidification of the air (Churchill et al., 2004) . The European nose shape thus may have resulted from adaptation to a colder climate. The relatively enlarged brow area in Europeans has also been noted previously (Russell et al., 1985) . It has been argued that brow area size is positively correlated with the magnitude of the mechanical stresses resulting from mastication, so brow area shape differentiation (SOM, Fig. S11 ) could be the result of dietary differences (Russell et al., 1985) . Adaptation to specific diets (Hubbe et al., 2009 ) and climate adaptation (Coon et al., 1950) have been hypothesized to explain the expanded zygomatics in Asians.
In addition to natural selection, sexual selection may also have played a major role in shaping inter-population variation in the human face. Selective mate choice based on facial appearance in humans is well documented as a universal condition in global populations (Wells et al., 2009 ). However, whether and to what extent sexual selection shaped human facial morphology has rarely been investigated. Fisher's runaway sexual selection model suggests that a positive feedback loop composed of an arbitrary trait involving appearance, and the accidental preference of this trait in the opposite sex, could initiate a powerful sexual selection process (Fisher, 1958) . It is therefore possible that some of the strong differentiation signals involving the soft-tissue facial form may have resulted from sexual selection. Further studies that combine highresolution 3D face analysis, studies of human behavior, and genetic analyses are necessary to delineate the possible roles of local adaptation versus sexual selection in explaining the relatively large between-population differentiation that we find for soft-tissues of the human face.
